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ABSTRACT the importance for the use of a small subset of informa-
The search for the association between comple d.S_tive SNPs accurately representing the rest of the SNPs (i.e.,

. >Sociat W PIEX QIS0 rest of the SNPs can be highly predicted from the in-
eases and single nucleotide polymorphism (SNPs) or hap-

. . dex SNPs) thus achieving the compaction of huge unphased
lotypes has recently received great attention. Recent suc- ) 9 P g P

cesses in high throughput genotyping technologies drasti-genOtype data (obtained, €.g., from Affimetrix Map Array)

; ) . in order to make feasible fine genotype analysis.
cally increase the length of available SNP sequences. This Johnson et al. [10] have referred such informative

elevatgs the |mportance. for the use of a small subset of m_SNPs on haplotypes aag SNPs Note tag SNPs are com-
form_atlve SNPs, called index .SNPS [21], accurately repre- monly referred as informative SNPs on haplotypes. Fol-
senting the rest of the SNPs (i.e., the rest of the SNPs car]OWing [21], We prefer to use the more general terdex

be h|ghly predlcted from the.mdex SNPs). Index SNP se- SNPsfor referring informative SNPs either on haplotypes
lection achieves the compaction of huge unphased genotype

: X . . or genotypes. An established way of selecting index SNPs
data (obta|_ned,_e.g., from Afflmetrlx_Map Array) in order to 4 92 18“15 20] is based on Iinkyage disequi?ibrium (LD)
mall<r(1a IEZSIb;e Spsvgenr%tygseaga:@;i index SNP selection and partition of the entire SNP sequence into blocks, i.e.,
hap prop . : . _contiguous SNP segments within which the number of dif-
on unphased gen_otypes based on multiple I|nea_r regressioy ont haplotypes is comparatively small. Due to the low
.(MLR) SNP pred!cnon. We measure thg quality of our diversity within a block, a small number of index SNPs can
mdex SNP selection algonthm by comparing actual .SNPS predict values of all other SNPs in the same block. An al-
with the SNPs cqmputatlonally predicted from _chosen index ternative way is to ignore block structure and select index
SNPs. W_e obtain an extremely gpod prediction rates andSNPs across the whole region (e.g. [3]). However, predict-
F;]mx;esiéozéggz/e);?rgﬂIea’sf?(;rrfg'?2;’:3; Olecl)ll(g\ISP?:/lvliDti) ing other non-index SNPs from its index SNPs on genotypes
93’50/ accurac A(:n experimental gtud 4)E§CODE re- has received much less attention. Recently, Halperin et al.
ic;ns()from Ha )I/\./Ia [9] Zhows that our)r/nethod uses sianif- [8] described a new method for predicting SNPs from the
9 \phap . 19N dex SNPs on genotypes for maximizing the prediction ac-
icantly fewer index SNPs (e.g., up to two times less index

. curacy.
SNPs to reac0% predu?tlon accuracy) than the state-of Following [11, 13, 8], we can formulate the Index SNP
the-art method of Halperin et al. [8] for genotypes.

Keywords: Single nucleotide polymorphism, Index SNPs, Selection Problem (ISSP) as follows: .
Multiple linear regression. Index SNP S'elect|onl prpl?lem (ISSP)leen a sam-
ple S of a populationP of individuals(either haplotypes or
genotypes) om: SNPs, select positions &f(k < m) SNPs
1. INTRODUCTION such that for any individual one can predict non-selected
SNPs from its; selected SNPs. Our method solves the opti-
The search for the association between complex diseasegnization version of ISSP which asks foindex SNPsnax-
and single nucleotide polymorphism (SNPs) or haplotypesimizing the prediction accuraayeasured by the percentage
has recently received great attention. Recent successegf the number of correctly predicted SNPs.
in high throughput genotyping technologies drastically in-  Human SNPs belong two near-identical copies of each
crease the length of available SNP sequences. This elevateghromosome (haplotypes). Most experimental techniques
: N . . generate for each site an unordered pair of allele readings,
Fe||()1W:rl:ig?orted by Georgia State University Molecular Basis of Disease one from each haplotype, which is called a genotyfeas-
2. partially supported by NIH Award 1 P20 GM065762-01A1. ing, or splitting a genotype into two haplotypes is usually




imputed computationally. The selection of index SNPs can fore, it would be highly desirable that the index SNPs tak-
be done either before or after phasing. In this paper we pro-ing part in predicting non-index SNP should correlate with
pose a novel index SNP selection on unphased genotypeshe non-index SNP. Therefore, haplotype tags have been se-
based on multiple linear regression (MLR) SNP prediction lected based on the squared correlafit¥rbetween true and
[17]. The MLR method predicts the non-index SNRBo predicted SNPs [6] and true and predicted halotype dosage
that the predicted is the closest to its projection on the in[19]. The general purpose of multiple linear regression is
span of vectors corresponding to index SNPs. The MLR to learn the relationship between several independent vari-
method accumulates information abalitindex SNPs re-  ables and a dependent variable. The regression coefficients
sulting in significantly higher prediction accuracy with the representthe independent contributions of each independent
same number of index SNPs than other prediction methodsvariable to the prediction of the dependent variable. Multi-
The previous SNP prediction methods rely either on a sin- ple linear regression method implicitly relies the correlation
gle SNP (see, e.g., [4]), a closest pair of index SNPs [8], between SNPs. If the index SNP (or SNPs) and a predicted
or small number of index SNPs from the block with lim- SNP are not correlated, the regression coefficients will not
ited haplotype diversity [20]. Traditional SNP prediction contribute to the prediction of SNP.
methods (see, e.g., [3, 20, 8]) use simple majority voting for Below, we describe how our MLR algorithm predicts
prediction. Our previous linear reduction tag selection (LR) the value of a single unknown non-index Sk the geno-
[11, 13] picks linear independent tag SNPs but cannot eas-type ¢ (each unknown SNP i is separately predicted)
ily handle bounds oprediction erroror number of tags. We  based on the values of all other SNPsgir{i.e., k index
measure the quality of index SNP selection based on MLR SNPs) and the values afl SNPs in the sample genotypes.
by measuring the percentage of correctly predicted SNPs.Usually, a genotype is represented by a vector with coordi-
We obtain an extremely good prediction rates and compres-nates 0,1, or 2, wheferepresents the homozygous site with
sion. For example, for region ENmMO010 (123 SNPs) [9], we major allele,1 represents the homozygous site with minor
can use 2% of SNPs for representing all SNPs with 93.5%allele, and2 represents the heterozygous site. The sample
accuracy. An experimental study dnENCODE regions  populationS together with the index-restricted individual
from HapMap [9] shows that our method uses significantly are represented as a matriXx. The matrixA/ hasn + 1
fewer index SNPs (e.g., up to two times less index SNPs torows corresponding te. sample individuals and the indi-
reach90% prediction accuracy) than the state-of-art method vidual z andk + 1 columns corresponding toindex SNPs
of Halperin et al. [8] for genotypes. Moreover, Our program and a single non-index SN All values in M are known
gives users a freedom to select number of index SNPs. Theexcept the value of in 2. For genotypes, there are 3 possi-
number of index SNPs selected by the users depends on thble resolutions, s;, ands, corresponding to SNP values
complexity of fine genotype analysis. 0, 1, or 2, respectively. The SNP prediction method should
The rest of the paper is organized as follows. In the next chose correct resolution of
section we describes our MLR SNP prediction algorithm The proposed MLR SNP prediction method considers
and stepwise index SNP selection. Section 3 presents arall possible resolutions of together with the set of index
experimental results and discussions. SNPsT as the vectors irfn + 1)-dimensional Euclidean
space. It assumes that the most probable resolution of
should be the “closest” to the spanning spaceélof The
distance between resolution©&ndT is measured between
s and its projection on the vector spag@n(7'), the span
of the set of index SNP¥ (see Figure 1).

2. MULTIPLE LINEAR REGRESSION SNP
PREDICTION AND STEPWISE INDEX SNP
SELECTION

In this section we first give an intuition of multiple linear
regression SNP prediction and describe the prediction and
selection algorithms in details.

_______ possible
resolutions -

d()
2.1. SNP prediction based on multiple linear regression Index SNP 1,

The index SNPs are selected based on the sample popula-
tion with an intention to derive conclusions about the en- ¢ ...

tire population. Statistical analysis may ensure that high SNP1,

prediction quality of non-index SNPs is not a coincidence.

If certain SNPs are highly correlated (i.e. in linkage dise- Fig. 1. MLR SNP Prediction Algorithm. Three possible resolutionss; , and
quilibrium) in the sample, then we would expect that this 52 of s are projected on the span of index SNPs (a dark plane). The unknown SNP

. . . ) ) value is predicted 1 since the distance betweeand its projection;lT is the shorter
correlation will be observed in the entire population. There- thanforso ands.

" projections




Computationally, the distance between a resolutipn We report the prediction accuracy measured by the per-
andT is measured agist(T,s;) = |T - (Tt -T)~*-Tt. centage of correctly predicted non-index SNPs. Table 1
s; — s;|. The runtime of the MLR SNP prediction algorithm compares MLR, STAMPA, and LR on prediction accuracy
is O(kn?). In general, there aren — k non-index SNPs  and running time by using the number of index SNPs (2,
in each individual but the matrig - (T* - T)~! - T* is the 5, 10, 15, 20, 25) on 4 ENCODE regions. Figure 2 shows
same for all these non-index SNPs and should be computedhe prediction accuracy as a function of number of index
only once. Thus, the total runtime for predicting a complete SNPs on ENr123-HCB and ENm010-HCB regions. We ob-
individual isO(kn(n + m)). tain an extremely good prediction rates and compression.

As noted in [2], one cannot straightforwardly apply lin- For example, for region ENm010-HCB (123 SNPs), we can
ear combinations of column-SNPs sirmiivalencolumns use 2% of SNPs for representing all SNPs with 93.5% pre-
can be linearly independent. This problem has been over-diction accuracy, while STAMPA needs 5% of all SNPs
come by a change in notation [12]: the forn{€ 1,2} no- for reaching same prediction accuracy. MLR is faster than
tation become$—1, 1, 0}. Such change of notations allows STAMPA when few number of index SNPs are required. All
a genotypey to become a linear combination of two haplo- experiments are performed on a computer with Intel Pen-
typesh andh/, i.e.,g = @ tium 4, 3.06Ghz processor and 2 GB of RAM.

2.2. Stepwise index SNP selection 4. CONCLUSIONS AND FUTURE WORK

We have suggested a multiple linear regression method for
index SNP selection. Our method obtains an extremely
good prediction rates and compression. For example, for re-
gion ENmO010 (123 SNPs) [9], we can use 2% of SNPs for
representing all SNPs with 93.5% accuracy. An experimen-
tal study ord ENCODE regions [9] shows that our method
uses significantly fewer index SNPs (e.g., up to two times
less index SNPs to rea®% prediction accuracy) than the
state-of-the-art method of Halperin et al. [8] for unphased
genotypes. In the future, we will apply multiple linear re-
gression method for disease association.

Given numbetk of index SNPs to be selected, it is better to
choose thé& index SNPs minimizing number of errors when
predicting the non-index SNPs in the sample. Unfortu-
nately, the exhaustive search is prohibitively slow. We pro-
pose to apply the followin@tepwise Index SNP Algorithm
(SISA). SISA starts with the best index SNP, i.e., the
SNP minimizing the error when predicting alone all other
SNPs. Then SISA finds such index SKP which would

be the best extension §f, } for predicting other SNPs with
minimal error, and continues adding best index SNPs un-
til reaching the set of index SNPs of the given size It

is a greedy algorithm, however statisticians use tstep-
wiseinstead [19]. The runtime of SISA 8(m?3(n +m)?). 5. REFERENCES
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Fig. 2. Prediction accuracy as a function of number of index SNPs on two datatsets: (Left) ENr123-HCB and (Right)

ENm010-HCB.
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